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ABSTRACT

News is information about recent and important events that
have happened at a geographic location at some point in
time. Since Location and Time are important components
of almost all news, it is important to be able to collate and
search news based on time and location and not just key-
words. In this paper we present an approach that can deal
with not just the geography/location in the query but also
consider the Geo-relationship to help pick and rank the most
relevant results by introducing a Geo-hierarchy. The results
for the NTCIR Geo-Time queries shows a lot of promise for
this approach.

Categories and Subject Descriptors

H.3.3 [Information Systems]: Information Search and Re-
trieval models, search process.

General Terms

Experimentation, Performance, Measurement

Keywords

Geo-Time, Geo-Hierarchy, Information Retrieval, IR evalu-
ation, News

1. INTRODUCTION

News is the communication of information on current and
past events which is presented by print, broadcast, Internet,
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or word of mouth to a third party or mass audience. News,
reflect the current happenings and events in various fields
like business, politics, Sports, entertainment, Science and
technology etc. Web portals provide readers with an option
of searching for past news articles. This makes news portals
store large volumes of news data. This vast potential for
article storage, however, carries its own set of complications.
Online searches for newspaper articles often yield a flood of
links of least significance. Online searches must yield more
useful results to sustain web portal as news reader’s primary
choice. News publishers have needed better ways of indexing
articles, and sought indexing software to make the process
easier.

Though Indexing and Information extraction refines the
vast number of results, they fail in addressing the Geo-based
news results. Consider an article which has "Hyderabad”
city in it and discusses about Asian Games. Suppose a
query is asked like ”"In which country are Asian games held?”,
the pattern matching wont yield any result since the place
mentioned in the article is Hyderabad but not India. So,
there is a need for a level of Geo-intelligence that can rec-
ognize that the location Hyderabad is within the country
India and respond accordingly at the higher level of Geo-
hierarchy. In order to meet the user’s Geo-based query, we
present a Geo-hierarchal classification model which displays
news in a desired location, if it occurs explicitly and news in
its neighbourhood depending on the Geo-relationship. The
main objective of this paper is to implement a hierarchical
classification of location, with continents as the main cate-
gory, with countries as its sub category, followed by states,
counties and cities.

2. RELATED WORK

Geographic information retrieval is concerned with the re-
trieval of thematically and geographically relevant informa-
tion resources in response to a query of the form (theme
or topic, spatial relationship, location), "Temples within 5
km. of Tokyo” [6]. Systems that support GIR, such as
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geographic digital libraries, and location-aware web search
engines, are based on a collection of Geo-referenced infor-
mation resources and methods to spatially search these re-
sources with geographic location as a key [8, 9].

Information resources are considered Geo-referenced if they

are spatially indexed by one or more regions on the surface
of the Earth, where the specific locations of these regions are
encoded either directly as spatial coordinates, i.e. geometri-
cally, or indirectly by location [7, 9]. However, in order for
locations to support a spatial approach to GIR, they must
be associated with a model of geographic space. The tempo-
ral aspects of search [5] have been largely ignored in the IR
community, but not in the GIS and information processing
communities.

Existing major news systems display news based on spe-
cific keywords or topic wise unlike geographic location of the
event. Similarly, spatial news systems matches the location
in the queries to the location in articles and the set of news
articles presented to readers are static. Though Newsstand
[10] handles the Geo-based spatial queries, it is confined
to either feature based or location based [16]. Newsstand
in spite of presenting readers with Geo-based and feature-
based results, lacks the option of providing users with Geo-
intelligent responses that can come from the embedded na-
ture of Geo-relationships in the user queries..

GEO-News uses hierarchy and probability functions to de-
cide whether to display articles with keywords match but not
just a location match. Current approaches are mainly coun-
try based and large numbers of results are expected to be
displayed which might be a tedious task for the user to find
the articles related to the desired location.

Consider an article with a keyword ”Albert Einstein”. It
may contain "Germany” but doesn’t discuss about it. So
just a relationship is required to be established between the
location and the keywords. Existing works fail to answer
this issue. To address this, we follow a process model to
implement hierarchal approach of location based searches
in this paper. In this paper we focus more on hierarchical
relationships of locations rather than on time.

3. ARCHITECTURE AND APPROACH

The main architecture of GEO-News is divided into differ-
ent modules which are designed to serve a specific purpose.
The major modules in the architecture are Preprocessing
and Indexing, Pattern matching, and Hierarchical classifica-
tion.

GEO-News stands out in the aspect of integrating the
Geo-data and event data and display the news with refined
search results. Major Implementation of the GEO-News in-
cludes displaying news within a hierarchal range of a desired
location. This can be achieved as explained below:

1. The news data is indexed based on keywords as well as
the location using Stanford Named Entity Recognizer
(NER) and Stanford Tagger.

2. Keywords (verb, adjective and noun), location and
preposition are extracted for the input query using
Stanford tools.

3. Pattern matching is implemented to match the key-
words in the given query with the index.

4. Among the obtained search results, ones which match
the location are assigned a score.

News Database

Named Entity
Recognition

,
&

Keywords z/
/ N

Indexing Geo

tagging

\\\ Locations

Figure 1: Preprocessing

5. Each preposition has pre-defined hierarchy of 5 lev-
els (continents, countries, states, counties and cities).
Construction of hierarchy is implemented with conti-
nents occupying the top layer and cities occupying the
bottom layer. Based on that hierarchy the movement
of the architecture (up/down) is determined and the
score is assigned accordingly.

6. Obtained news articles are displayed in based on the
rank i.e., descending order of the scores.

The detailed architecture of preprocessing and the query
processing are shown in Figure 1 and Figure 2 respectively.
Updates to the geographical hierarchy are out of scope of
this paper.

3.1 Preprocessing and Indexing

First the keywords (verbs, nouns, and adjectives) are iden-
tified from the articles using the statistical natural language
processing (NLP) [13]. Stanford indexing system caters to
the newspaper industry and servers as an effecting index-
ing tool for news items. The process of constructing an in-
verted index is termed as indexing construction or indexing
and the machine that performs is the indexer [17]. Blocked
sort-based indexing is an efficient single-machine algorithm
designed for static collections and single-pass-in-memory in-
dexing, an algorithm with better scaling properties. News
portals which contain large collections of data, indexing has
to be distributed over computer clusters with hundreds or
thousands of machines. Collections are often so large that
we cannot perform index construction efficiently on a single
machine. This is particularly true of the World Wide Web
for which we need large computer clusters to construct any
reasonably sized web index. Web search engines, therefore,
use distributed indexing algorithms for index construction
[2, 14]. The result of the construction process is a distributed
index that is partitioned across several machines - either ac-
cording to term or according to document.

Collections with frequent changes require dynamic index-
ing [15] so that changes in the collection are immediately
reflected in the index. Identifying entities from different lan-
guage news articles is another major issue to be addressed.
A pre-defined set of linguistic features are designed to iden-
tify named entities which are language independent [1, 12].
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Figure 2: Query Processing

We use, Stanford Part of Speech (POS) tagger [18] imple-
menting the distributed and dynamic indexing which serves
as an efficient indexing tool for the news articles. In ad-
dition, Stanford tagger reads text in some language and
assigns part of speech to each keyword such as noun, ad-
jective, verb, etc., although generally computational appli-
cations use more fine-grained POS tags like "noun-plural”.
This software is a Java implementation of the log-linear part-
of-speech taggers [11, 18]. Indexing a subset of informa-
tion extraction, assigns index for keywords (noun, adjective,
verb, etc.) and location.

GEO-News uses Named-Entity Recognition (NER), a sub-
task of Information Extraction is a well-studied problem
in Natural Language Processing (NLP) which is concerned
with identifying entities such as person, location, and or-
ganization names. Previous NER systems are built on rule
based approaches that use manually built finite state pat-
terns matching a sequence of words in the same manner as
matching a regular expression. Rule based approaches failed
to address the robustness and portability [4]. In Geo-News
we use a machine learning approach (statistical approach)
which is attractive, adaptable, and trainable and a cheaper
maintenance approach than rule-based one. In the statistical
approach, training data must be matched with the entities
of interest and their types. We use a Stanford Named En-
tity Recognition (NER) which labels sequences of words in
a text which are the names of things, such as person and
company names, or sports or business names. The software
provides a general (arbitrary order) implementation of linear
chain Conditional Random Field (CRF) sequence models [3],
coupled with well-engineered feature extractors for Named
Entity Recognition. The distributional similarity features
improve performance but the models require considerably
more memory.

Continent

Countries

Administrative Division 1

(States/regions)

Administrative Division 2
(Districts/counties)

Administrative Division 3
(Cities)

Figure 3: Model of the hierarchy

3.1.1 Geo-Tagging

Geo-Tagging addresses the Geo-based constraint using sources

like Gazetteers (e.g. GeoNames) which contain locations in
one or more languages, latitude and longitude information
as well as hierarchical information, indicating that a town
belongs to a county, which is part of a region, which is itself
(region) part of a country, etc.

Geo-Tagging model needs to address the non local feature
structure for displaying articles which are non local (near
to the desired city, within state, country and continent).
Most statistical models currently used in natural language
processing represent only local structure. Although this con-
straint is critical in enabling tractable model inference, it is
a key limitation in many tasks, since natural language con-
tains a great deal of nonlocal structure. A general method
for solving this problem is to relax the requirement of exact
inference, substituting approximate inference algorithms in-
stead, thereby permitting tractable inference in models with
non-local structure. Gibbs sampling, a simple Monte Carlo
algorithm that is appropriate for inference in any factored
probabilistic model, including sequence models and proba-
bilistic context free grammars. Although Gibbs sampling is
widely used elsewhere, there has been extremely little use
of it in natural language processing. Here, we use it to add
non-local dependencies to sequence models for information
extraction [13]. A constraint model can be effectively com-
bined with an existing sequence model in a factored archi-
tecture to successfully impose various sorts of long distance
constraints.

Building a hierarchy of geographical locations is a lan-
guage independent task. There are seven continents in the
world and a total of 195 countries distributed in these seven
continents. There will be many sub-divisions within a coun-
try. In the proposed hierarchy we have "Continents” as the
main category, in which we have "Countries” in the corre-
sponding continents as the sub category, in which we have
first order administrative divisions” (for instance states in
India) in the country as the third level category and "second
order administrative divisions” of the country (for instance
districts in states of India) as the fourth level category and
"third order administrative divisions” (Cities) as the fifth
level category.
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In Figure 3 7Administrative Division 2”7 is optional as
many countries like "Singapore”, "Qatar” etc won’t have sec-
ond order sub divisions. In New York Times data we can
get the information about countries in a continent, first or-
der sub-divisions (states) in a country and second order sub-
divisions (districts) in a country etc. But this information is
not in a common format (unstructured) for all the countries.
So it was difficult to collect this geographical information
from New York Times data. So we used external sources
like "Gazetteers” for building the hierarchy.

Gazetteers are geographical dictionaries which contain in-
formation like locations, latitude, longitude information as
well as hierarchical information, indicating that a town be-
longs to a county, which is part of a region, which itself
(region) is part of a country.

We considered gazetteers like GeoNames®, KNAB database?,

Alexandria gazetteer® for building the hierarchy. But "GeoN-
ames” has covered more number of locations (geographical
locations) compared to other gazetteers. So we used "GeoN-
ames” for construction of the hierarchy.

3.1.2  Construction of the hierarchy

1. GeoNames database consists of a table (named Coun-
trylnfo) which has the information about the country
and its corresponding continent. We used the informa-
tion in this table to construct up to the second level
(countries) of the hierarchy.

2. We had extracted all the entries in the main “geon-
ame” table (allCountries), containing "feature code” as
"ADM1”. With this information we had constructed
the third level of the hierarchy.

3. Then we had extracted all the entries that have ”ADM2”
in the ”geoname” table (allCountries) as the feature
code and constructed up to the fourth level.

4. We faced some problems in constructing the fifth level
of the hierarchy. This is because the entry of city in
7allCountries” table had no information about the sec-
ond order administrative division to which this city
belongs to. Due to this we are unable to find a link
between "second order division” and ”third order di-
vision (cities)” of a country. Therefore, we went for
another external resource which contained the infor-
mation (http://www.world gazetteer.com/dataen.zip)
about a location and the divisions (like country ->
state -> district) above it. We built the fifth level of
the hierarchy using this external resource. But it has
covered less number of locations compared to the lo-
cations in the GeoNames database.

We can see in Figure 4 of hierarchy, there is no second
order administrative division in Singapore. There is a direct
link between first order administrative division and cities in
Singapore. One solution for this problem is completely re-
moving the second order administrative division of a country
in the hierarchy and having a direct link between the first
order administrative division and cities (third order admin-
istrative division). Another solution is obtaining this con-
nection by using sources like ISD codes of countries; STD

"http://download.geonames.org/export /dump
*http:/ /www.eki.ee/knab/p_mm_en.htm
*http://www.alexandria.ucsb.edu/gazetteer/

Singapore

Central Andhra Pradesh

Singapore

East Godavari

Queenstown Kakinada

Figure 4: Part of Asia continent in the constructed
hierarchy

codes of cities in those countries or by using the "allCoun-
tries” geonames table.

Now the New York Times articles need to be tagged to a
specific geographical location. Stanford Named Entity Rec-
ognizer (NER) is used to obtain names of locations. Two
approaches are used for tagging the Geographic location to
the related article.

Approach 1.
By considering only the title and information box of the
article:

1. Check whether "title” is a continent or not. If it is not
a continent then check the database. Ex: New York
Times article of Asia can be uniquely tagged to the
continent ”Asia”.

2. On checking if we are unable to disambiguate it (i.e.,
if we are unable to find the exact location to which
this article refers to) then use the information box (if
present, else check the content of the article for dis-
ambiguation) to know whether the location can be
uniquely identified or not. Ex: Consider New York
Times article of "London”, we cannot disambiguate it
using the database because U.S.A alone contains more
than 10 locations named London. So if we use in-
formation box present in the "London” article, there
will be attributes like "Sovereign state: United King-
dom”, "Constituent Country: England”, "Region: Lon-
don” and "Districts: City” and 32 boroughs. These at-
tributes help in identifying the exact location to which
this article refers.

3. If information box haven’t uniquely identified the lo-
cation (i.e., if there isn’t enough information about the
location in the info box) then check the content of the
article.

Approach 2.

By considering the content of the article:

Apply named entity recognition algorithm (used Stanford
Named Entity Recognizer) to obtain the geographic names
in the article. Next we have taken all the geographic names
(those which are marked as LOCATION by the NER) men-
tioned in a sentence as a group. So a set of groups which
contains all the geographic names mentioned in the page, is
obtained.
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3.2 Pattern matching

An information retrieval process begins when a user enters
a query into the system. Queries are formal statements of
information needs, for example search strings in web search
engines. In information retrieval a query does not uniquely
identify a single object in the collection. Instead, several ob-
jects may match the query, perhaps with different degrees of
relevancy. An object is an entity which keeps or stores infor-
mation in a database. User queries are matched to objects
stored in the database. Most IR systems compute a nu-
meric score on how well each object in the database match
the query, and rank the objects according to this value. The
top ranking objects are then shown to the user. The process
may then be iterated if the user wishes to refine the query.

This phase involves matching the keywords from the query
with the indexed keywords. Based on the number of matches
score is assigned like 3 keywords matched, 2 keywords matches,
1 keyword matched etc. Then the obtained articles are
checked for location matches. If the location matches with
the location in the index, a score is assigned to it. Now we
have the articles for which there is keyword match (atleast
one) and location not matching left behind. We use hier-
archy and probability functions here to decide whether to
display them are not. Prepositions are used for this pur-
pose.

3.3 Hierarchy classification

Existing news query systems display limited number of re-
sults for a location matching news articles. These results are
confined to the desired location in the query and might fail to
meet the user’s requirements in displaying the necessary ar-
ticles. Hierarchal classification overcomes this limitation by
providing user with the location match articles and articles
which fall under either near by city or same state, country
and continent, there by displaying more results which results
in higher probability of meeting the user’s requirement.

Now we have to disambiguate (assigning a standard unique
taxonomy like A -> B -> C to each phrase in the text, which
is considered to be a location) the geographic names as there
might be more than one location having the same geographic
name. Rules for disambiguation are:

1. If the geographic names in a group can uniquely qualify
a spot (another geographic name in the same group),
then assign a unique meaning to the spot with a score
in the range of 0.95 - 1, to indicate its high level of
certainty. Fx: Consider Nalgonda, Andhra Pradesh,
India obtained from ”Nagarjuna Sagar is located in
Nalgonda, Andhra Pradesh, India”. In the database
we can find a unique entry for this set. So assign a
unique meaning (taxonomy) to "Nalgonda” like Nal-
gonda -> Andhra Pradesh -> India -> Asia. Com-
binations which are not unique like Hyderabad, Asia
(of which there are many) or Paris, Amalapuram (of
which there are none i.e., no entry in the database) are
not assigned any score.

2. If there are multiple spots with the same geographic
name occurring in the page, of which only one is qual-
ified (unique with score in range of 0.95 - 1) then tax-
onomy of the qualified spot is assigned to the other
spots with a score in the range of 0.8 - 0.9.

3. Now consider all the spots which have score below 0.6
and check the common locations in their taxonomies.

Ex: Consider London which is present in "England,
United Kingdom”, "Ontario, Canada”, "California, U.S.A”
and Hamilton which is present in "Victoria, Australia”,
”Ontario, Canada” etc. Both of these share "Ontario,
Canada”. Therefore London is assigned to London ->
Ontario -> Canada and Hamilton is assigned to Hamil-
ton -> Ontario -> Canada. A score in the range of 0.65
to 0.75 is assigned to them. This is due to the reason
that the writer of the article may haven’t specified the
clear meaning thinking that it is implied from the con-
text. So we can assume that all the geographic names
share a context.

Now we have geographic names each with a unique taxon-
omy and a score associated with them. Now using these
scores find the geographic location of the article. The geo-
graphic location can be a city, county, state, country or a
continent. Use the scores of the locations such that for A ->
B -> C, importance of A should be more than B and impor-
tance of B to be more than C. If the computation is done in
this way the lower levels in the taxonomy gets higher pref-
erence so that location of the article can be identified up
to the deepest level. Ex: Tagging "Thousand Pillar Tem-
ple” should give output as Hanumakonda (Hanumakonda, ->
Andhra Pradesh -> India -> Asia) and not Andhra Pradesh.

3.3.1 Algorithm

Take the disambiguated geographical locations in the query.
Initialize the Fscore (final score) of all geographical locations
to zero.

Do for each location left for computation

/* Let ”A -> B -> C” be taxonomy of the location and
its score be p’. */

Step 1.
Add p? to the Fscore of A -> B -> C.

Step 2.
Add (p?) * d to Fscore of B -> C. // d (decrement) is a
constant.

Step 3.

Add (p®) * (d*) to Fscore of C.

Quadratic function is used in order to increase the relative
weight of the disambiguations with higher score.

Now sort the resulting taxonomy levels by Fscore. Loop
from the highest to the lowest Fscore taxonomies stopping
at a threshold c. We can select more than one location as
the article’s location. We won’t consider taxonomy levels
that are covered by already selected location for the article
(Eg: Andhra Pradesh won’t be selected if Guntur -> Andhra
Pradesh -> ... is already selected).

Example.

Let a article has two mentions of Nalgonda -> Andhra
Pradesh -> India -> Asia (Fscore = 0.85), two Guntur ->
Andhra Pradesh -> India -> Asia (Fscore = 0.85), three
Hyderabad -> Andhra Pradesh -> India -> Asia (0.67) and
one Asia (0.97). Let ’d’ (decrement) be 0.6

Fscore(Nalgonda -> ...) = 2x ((0.85)?) = 1.44

Fscore(Guntur -> ...) = 2% ((0.85)%) = 1.44

Fscore(Andhra Pradesh -> ...) = [2x(0.85%) % (0.6) + 2%

(0.85%) % (0.6) + 3 * (0.67°) » (0.6)] = 2.54
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Table 1: Precision and Recall values of the retrieved
articles

Query ID Recall | Precision
GeoTime-0001 0.7
GeoTime-0002 | 0.98
GeoTime-0003 0.62
GeoTime-0004 0.76
GeoTime-0005 0.95
GeoTime-0006 0.85
GeoTime-0007 0.75
GeoTime-0008 0.79
GeoTime-0009 0.87
GeoTime-0010 0.87
GeoTime-0011 0.83
GeoTime-0012 0.96
GeoTime-0013 0.9
GeoTime-0014 | 0.83
GeoTime-0015 0.9
GeoTime-0016 0.95
GeoTime-0017 | 0.94
GeoTime-0018 0.89
GeoTime-0019 0.82
GeoTime-0020 0.78
GeoTime-0021 0.43
GeoTime-0022 0.84
GeoTime-0023 0.83
GeoTime-0024 | 0.84
GeoTime-0025 | 0.74

= =] =] =] =] =] =] = =] =] =] =] =] =] = =] = =] =] =] =] =] = = =

Fscore(India) = [2# (0.85%) % (0.6%) + 2% (0.85%) % (0.6%) +
3% (0.67%) % (0.6%)] = 1.52

Fscore(Asia) = [2 (0.85%) x (0.6%) 42 % (0.85%)  (0.6%) +
3% (0.67%) % (0.6%)] = 0.915

Fscore(Hyderabad) = 3 (0.67°) = 1.346

If we choose threshold level as 1 then the candidates that
can be the focus of the article are Andhra Pradesh, India,
Nalgonda, Guntur, Hyderabad. India is removed as Andhra
Pradesh has already covered it. So the foci are Andhra
Pradesh, Nalgonda, Guntur and Hyderabad. We can con-
sider only Nalgonda, Guntur and Hyderabad as they all have
Andhra Pradesh in the taxonomy.

Having multiple locations to a article is useful because if
we take "Nagarjuna sagar” which is 20 kms from Guntur and
also nearer to Nalgonda. So we can tag the article to both
Guntur and Nalgonda, if we have more focus for the article.

4. EXPERIMENTAL ANALYSIS
4.1 Data Sets

News story collections from New York Times is used for
evaluation. The English collection consisted of 315,417 New
York Times stories also for 2002-2005. Since we were inter-
ested in looking for particular events around which geotem-
poral topics could be constructed, we ran frequency distri-
butions on both collections by month and discovered gaps
in the NYT collection for Jan 2003-July 2004. While the
monthly average of documents for 2002 and 2005 was 9,982
and 8,703 respectively, for 2003 and 2004 it was 2,319 and
5,280. Indeed from January 2003 through June 2004 (zero

documents), the number of documents per month ranged
from 0 to 2209 documents (see the GeoTime collection page

http://metadata.berkeley.edu/NTCIR-GeoTime/databases.php

for the complete distributions).

4.2 Experimental Evaluation

The performance of the GEO-News is tested on the 25
queries given by NTCIR group. Considering the results ob-
tained, we found out the precision and recall of all the results
we obtained. In the field of information retrieval, precision
is the fraction of retrieved documents that are relevant to
the search and recall is the fraction of the documents that
are relevant to the query that are successfully retrieved. We
have used lucene for information retrieval. The precision
and recall values of the retrieved articles for all the given 25
articles can be seen in Table 1.

The recall value of the query results varies between 0.43
to 0.98. The low values are due to stemming issues as the
stemming and parsing results are obtained by using Stan-
ford Parser, which is not perfect. The average recall value
is 0.8208. Query 2 (GeoTime-0002), "When and where did
Hurricane Katrina make landfall in the United States?”, gave
the best recall value as the query involved key word based
search and used Geo-hierarchy. Moreover, this query did not
have many words which need to be stemmed and since we
had to go down the hierarchy to find the locations where
hurricane katrina made a landfall. Query 21 (GeoTime-
0021),"When and where were the 2010 Winter Olympics
host city location announced?”, gave the least recall value
as this is not a pure keyword based query. It involves lots
of words to be stemmed and the Stanford Parser did not do
this efficiently which resulted in giving less accurate results.

We can observe here that the recall value of GeoTime-
0002 is more than that of GeoTime-0001, as in that query
Geo-hierarchy is being applied, hence giving better results.
Where as, few queries give less recall value due to problems
in stemming. Since all the retrieved documents are relevant
to the query the precision is always 1.

5. CONCLUSIONS

In this paper the articles are indexed based on keywords as
well as the geographic location and then Geo-tagged. While
pattern matching, instead of just keyword matching, loca-
tion is also considered and the score is assigned based on
the hierarchy of the geographic location. This results in the
more accurate results, which are of user’s interest. The Hier-
archical relationships answer the queries more precisely and
accurately. Narration of query is used as well, which helps
in the finding a where part thereby improving the accuracy
of the results.

This work can be extended to handle range queries such as
7articles around 50km from Hyderabad”. Period questions
like "articles occured in 2 years” needs to be handles. Also
the task of tagging the articles with geographical locations,
to multiple languages needs to be done.
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